In the era of genome-wide selection (GWS), genotype-by-environment (G×E) interactions can be studied using genomic information, thus enabling the estimation of SNP marker effects and the prediction of genomic estimated breeding values (GEBV) for young candidates for selection in different environments. Although G×E studies in pigs are scarce, the use of artificial insemination has enabled the distribution of genetic material from sires across multiple environments. Given the relevance of reproductive traits, such as the total number born (TNB) and the variation in environmental conditions encountered by commercial dams, understanding G×E interactions can be essential for choosing the best sires for different environments. The present work proposes a two-step reaction norm approach for G×E analysis using genomic information. The first step provided estimates of environmental effects (herd-yearseason, HYS), and the second step provided estimates of the intercept and slope for the TNB across different HYS levels, obtained from the first step, using a random regression model. In both steps, pedigree (A) and genomic (G) relationship matrices were considered. The genetic parameters (variance components, h 2 and genetic correlations) were very similar when estimated using the A and G relationship matrices. The reaction norm graphs showed considerable differences in environmental sensitivity between sires, indicating a reranking of sires in terms of genetic merit across the HYS levels. Based on the G matrix analysis, SNP by environment interactions were observed. For some SNP, the effects increased at increasing HYS levels, while for others, the effects decreased at increasing HYS levels or showed no changes between HYS levels. Cross-validation analysis demonstrated better performance of the genomic approach with respect to traditional pedigrees for both the G×E and standard models. The genomic reaction norm model resulted in an accuracy of GEBV for "juvenile" boars varying from 0.14 to 0.44 across different HYS levels, while the accuracy of the standard genomic prediction model, without reaction norms, varied from 0.09 to 0.28. These results show that it is important and feasible to consider G×E interactions in evaluations of sires using genomic prediction models and that genomic information can increase the accuracy of selection across environments.
ABSTRACT:
In the era of genome-wide selection (GWS), genotype-by-environment (G×E) interactions can be studied using genomic information, thus enabling the estimation of SNP marker effects and the prediction of genomic estimated breeding values (GEBV) for young candidates for selection in different environments. Although G×E studies in pigs are scarce, the use of artificial insemination has enabled the distribution of genetic material from sires across multiple environments. Given the relevance of reproductive traits, such as the total number born (TNB) and the variation in environmental conditions encountered by commercial dams, understanding G×E interactions can be essential for choosing the best sires for different environments. The present work proposes a two-step reaction norm approach for G×E analysis using genomic information. The first step provided estimates of environmental effects (herd-yearseason, HYS), and the second step provided estimates of the intercept and slope for the TNB across different HYS levels, obtained from the first step, using a random regression model. In both steps, pedigree (A) and genomic (G) relationship matrices were considered. The genetic parameters (variance components, h 2 and genetic correlations) were very similar when estimated using the A and G relationship matrices. The reaction norm graphs showed considerable differences in environmental sensitivity between sires, indicating a reranking of sires in terms of genetic merit across the HYS levels. Based on the G matrix analysis, SNP by environment interactions were observed. For some SNP, the effects increased at increasing HYS levels, while for others, the effects decreased at increasing HYS levels or showed no changes between HYS levels. Cross-validation analysis demonstrated better performance of the genomic approach with respect to traditional pedigrees for both the G×E and standard models. The genomic reaction norm model resulted in an accuracy of GEBV for "juvenile" boars varying from 0.14 to 0.44 across different HYS levels, while the accuracy of the standard genomic prediction model, without reaction norms, varied from 0.09 to 0.28. These results show that it is important and feasible to consider G×E interactions in evaluations of sires using genomic prediction models and that genomic information can increase the accuracy of selection across environments.
INTRODUCTION
Studies addressing genotype by environment (G×E) interactions in pigs are scarce, but reproductive techniques, such as artificial insemination, have allowed sires to give rise to offspring in multiple environments. Knowledge of G×E interactions can be relevant for breeders, given the differences between the nucleus and commercial environments, as well as differences between commercial environments due to climate conditions, feed quality, health status, and management (Knap and Su, 2008; Bloemhof et al., 2012) .
Reproductive traits such as the total number born (TNB) among dam lines are highly relevant in pig breeding (Bergsma et al., 2008; Knauer et al., 2010) and are known to be strongly influenced by environmental variation (Knap and Su, 2008) . Genetic material from major breeding programs is used in various production environments around the world, and it is therefore important to investigate how G×E interactions affect the ranking of boars across environments.
The G×E interactions can be analyzed using a variety of methodologies, such as multitrait models and generalizations of such models (Meyer, 2009 ) as well as random regression reaction norm models (Kolmodin et al., 2002; Calus and Veerkamp, 2003; Cardoso and Tempelman, 2012) . The latter type of models are especially interesting because they use linear functions to relate an individual's genetic merit to a change in the environment. The random intercept and slope estimates of these models allow the genetic differences between individuals as well as heritabilities and genetic correlations over different environmental classes to be inferred.
In the era of genome-wide selection (GWS), G×E interactions can be investigated based on genomic information, e.g., to identify and make use of SNP-byenvironment interactions. Genomic information can also be used to estimate genomic breeding values (GEBV) for nonphenotyped sires (e.g., young sires) across environments in the presence of genotype by environment interactions. Lillehammer et al. (2009) have presented an interesting methodology for studying SNP by environment interactions. However, these authors considered the genotype as a fixed effect and did not address the prediction of GEBV in different environments. We hypothesize that the prediction of genomic breeding values across environments is feasible and can increase the accuracy of selection.
The aims of the present work were to assess random regression reaction norm models for genomic evaluation of sires for the TNB, to compare the results obtained from analysis using pedigree and genomic relationship matrices, and to investigate the efficiency of GEBV prediction across environments through cross-validation.
MATERIALS AND METHODS

Phenotypic and Genotypic Data
The examined phenotypic data consisted of TNB information from 60,454 litters of 20,935 Large White sows that were daughters of 113 purebred genotyped sires. The small number of sires included in the analysis was because they are considered target sires, with a larger number of daughters spread over a larger number of herd-year-season (HYS) levels, including in different countries. The number of parities per sow ranged from 1 to 9. TNB records were collected between 2008 and 2012, on 295 farms, distributed over 22 countries. In total, there were 6,264 HYS classes.
The sires were genotyped using PorcineSNP60 Beadchips (Illumina, San Diego, CA). DNA was prepared from EDTA blood, hair roots, or meat samples using the Gentra Puregene DNA Preparation Kit (QIAGEN, Minneapolis, MN), according to the manufacturer's instructions. DNA extraction was based on a modified salt precipitation method. The obtained DNA concentration was measured on a Nanodrop ND-1000 Spectrophotometer (NanoDrop Technologies, LLC, Wilmington, DE), and DNA quality was checked by running the samples in an agarose gel.
Following the indicated protocol, the sires were genotyped for 64,232 SNP. The average call rate for all samples was 98.4% (± 3.4%), and 63 animals were removed due to pedigree errors (> 1% inconsistencies). SNP with ≥ 30 pedigree errors were removed (N = 190). In addition, 11,410 SNP were removed because of a GenCall score < 0.7, and 5,367 SNP were removed due to presenting a minor allele frequency (MAF) < 0.01.
Statistical Models
The two-step reaction norm approach (Calus et al., 2002; Kolmodin et al., 2002) was used to perform the G×E analysis. According to Cardoso and Tempelman (2012) , this is the most commonly used approach, but it may result in poor inferences in some situations because the environment level is treated as a known covariate in the model (Su et al., 2006) . These authors have proposed the use of Bayesian hierarchical modeling to allow for uncertainty about this covariate. However, from a practical GWS viewpoint, the two-step reaction norms may be preferred because this methodology is applied directly in traditional software for performing random regression, such as ASREML (Gilmour et al., 2002) and WOMBAT (Meyer, 2007) , which allow easy replacement of the traditional relationship matrix (A) with a genomic relationship (Van Raden, 2008) 
matrix (G).
Under this two-step approach, the first step provides estimates of the environmental effects on a phenotype using a general mixed model ignoring G×E interactions. The second step provides estimates of the intercept and slope using a random regression model, where the covariate values are the environmental effect estimates from the first step. In the first step, a general sire model was fitted: where y is the vector of the TNB to the daughters of the considered sires; β line , β parity , and β hys are the fixed effects of the line, parity, and HYS, respectively, with corresponding incidence matrices of X 1 , X 2 , and X 3 ; u is the vector of the sires' additive genetic effects, 2 u ~N( , ) s u 0 A ; and e is the residual random term, 2 e ~N( , ) s e 0 I . The aim of this first step was to provide a vector of the precorrected phenotypes (y*), which were corrected for fixed effects, . These variables were used in the reaction norm model in the second step as dependent and independent variables, respectively.
In the second step, the following random regression reaction norm (RRRN) model was fitted:
where y * ij represents precorrected TNB values from the daughters of sire i for level j of the estimated HYS effect ( ) b hys ; μ is the general mean; a i and b i are the random intercept and random slope, respectively, for the regression of the additive genetic value (ui) over HYS levels; and ξ ij is the residual term, To evaluate the need for model [2] , it was compared with the reduced model y a ij i i j * = + + µ ξ (without HYS levels) using a likelihood ratio test (LRT). Following Zhang and Lin (2008) , the LRT statistic (D = −2*loglike for the reduced model, +2*loglike for the alternative model) that considers the random intercept model (H0) versus the random intercept and random slope model (H1) must be assessed against a mixture of χ 2 distributions. The P-value for this test is therefore given by
Under the genomic approach, the only difference was the use of the G matrix rather than the A matrix in models Raden, 2008) , where M is the incidence SNP matrix assuming 0, 1, and 2 for genotypes bb, bB, and BB, respectively, and p m is the allele frequency of SNP m. Both matrices (A and G), as well as their inverses (A −1 and G −1 ), were obtained using preGSf90 software (http:// nce.ads.uga.edu/~ignacy/). Models [1] and [2] were fitted with ASREML (Gilmour et al., 2002) software using the .giv qualifier to enter A−1 and G−1 in the mixed model equations.
Under both approaches, using A or G, the predicted additive genetic effect of sire i at HYS level j ( iĵ u ) and the estimates of genetic variance (  
where [7]
Using the G matrix, it was possible to calculate a vector of SNP effects f  
Thus, a general linear prediction equation can be obtained:
which allows the estimation of a vector of the SNP effects for each HYS level of interest, within the observed range of hys b  . To assess whether SNP have the same effect across HYS levels, we identified the top 1% of SNP (462) that presented the greatest absolute effects in each of these levels.
The number of SNP shared between the top 1% of two HYS classes was used as a simple statistic to reflect the similarity of SNP associations across environments.
Cross-Validation
The predictive ability of the proposed methodology was assessed via cross-validation (CV). The CV layout was based on stratification by generation because relatedness among individuals is an important factor when splitting data in training and validation sets (Pérez-Cabal et al., 2012) . The create.pedigree function of the synbreed package from R software (R Development Core Team, 2011) was used to identify which generation a sire belonged to. The training data set consisted of the first generation of sires, comprised of 94 individuals, and the validation data set consisted of the second and third generations, comprised of 19 individuals.
Under a genomic approach, the vector of the SNP effect estimates for each HYS level (j) of was estimated from the training data set and used to predict the GEBV for the sires in the validation data set at the same level of HYS. The accuracies of the GEBV ( ĵ r ) were obtained as the correlation coefficients between the observed and predicted phenotypes, divided by the square root of heritability at each HYS level:
y is the vector of the precorrected phenotypes at HYS level j for the daughters of the sires in the validation set, and * j GEBV is the vector of the predicted phenotypes for these same daughters, defined as one-half of the sire's estimated genomic breeding value ( j GEBV ). The elements of j GEBV are given by
X is the vector of genomic information for sire I, and ĵ f is the vector of the SNP effect estimates at level j [8] .
The accuracy of the GEBV was compared to the accuracy obtained with a standard model not accounting for G×E interactions. Therefore, model [2] was fitted under the same CV scheme considering just the random intercept term (i.e., the same reduced model used in the LRT), whose distribution was given by
For this reduced model, the correlations between the observed phenotypes and GEBV and the corresponding accuracies were also calculated separately at each level of HYS to provide a direct comparison with model [2] at each of these levels. To implement a cross-validation analysis using a traditional relationship matrix, the phenotypes ( * j y ) of the individuals comprising the validation data set were simply assumed to be missing, and equation [3] was used to predict the genetic value of a given sire across the HYS level of interest.
The 19 sires belonging to second and third generations, used in the validation data set, had 8,635 daughters at HYS levels of 10 to 17. In summary, in the cross-validation analysis, the GEBV and EBV were predicted for the different levels of HYS in a validation set composed of the youngest sires, where the information on their daughters was removed from the data set for this purpose. Both the reaction norms model [2] and its reduced version (the standard prediction model with heterogeneous residual variance) were trained on the older sires to determine the relevance of accounting for G×E interactions when predicting the genetic merit for young candidates for selection under approaches involving genomic and traditional relationship matrices.
RESULTS
Genetic Parameter Estimates under G×E Interactions
The estimates and standard errors of the variance components for the intercept and slope and for each residual class as well as the covariance between the intercept and slope from the RRRN model [3] based on the two different relationship matrices, A and G, were very similar ( Table 1 ). The biggest differences were observed for the intercept and the slope, whose variance components were increased by 14% and 4%, respectively, when using the G matrix. The genetic correlations between the intercept and slope were estimated to 0.22 and 0.19 in the analyses using the A and G matrices, respectively. The residual variance did not change monotonically with increasing HYS levels, being highest at an intermediate HYS level (residual class 3) and decreasing when moving toward both extremes (residual classes 1 and 5). The heritabilities estimated as a function of the HYS level are shown in Fig 1a. The h 2 estimates were highest under the favorable extreme of high HYS, and the lowest h 2 estimates were found in the middle left region of the range of HYS levels for a TNB of 13 to 15. The estimates of h 2 at the unfavorable extreme of a low HYS were somewhat higher than the minimum values in the middle left region. This concavity of the curve is explained by the quadratic function derived for the genetic variance (Eq. [4]), and deviations over this trajectory are due to heterogeneity of the residual variance assumed in the RRRN model. The similarity of the trajectories of the h 2 estimates between the A and G matrices is due to the similar variance components (Table 1 ). The small difference in levels of the curves is due to a higher estimate for the genetic variance of the intercept when using the G matrix (Table 1) .
Genetic correlations were plotted for all levels of HYS with HYS levels of 10 (poorest), 15 (intermediate), and 22 (highest; Fig. 1b) . Independent of whether the A or G relationship matrix was used, the genetic correlation between extreme environmental gradient levels (10 and 22) was remarkably low, which indicated substantial G×E interactions.
The likelihood ratio test used to compare the random intercept model (null model) to the model with both a random intercept and slope (alternative model) provided P-values equal to 0.0595 and 0.0542 for the A and G matrices, respectively. These values were calculated using the following LRT statistics from the approaches involving the A and G matrices: D A = −2*(−8971.15) + 2*(−8968.75) = 4.80 and D G = −2*(-8970.01) + 2*(−8967.52) = 4.98. Thus, although at a significance level of 5%, the alternative model was not chosen under either the A or G approach, the obtained P-values are close to the threshold, indicating some plausibility of this model. Differences in environmental sensitivity resulted in a reranking of some sires at different HYS levels ( Fig. 2a  and 2b ). Many sires presented rather stable breeding values across the environmental gradient, and the sires that were reranked were mainly those that presented poor performance in the poor environment and good performance in superior environments. However, there were also some sires that presented reduced performance under improving environmental conditions, though with a lower intensity. Although Fig. 2a and 2b show changes in sires' rankings at different HYS levels, given the small number of genotyped sires, a statistical test taking into account the precision of the slope predictions must be considered. Thus, approximated confidence intervals (prediction ± 1.96 × the SE of the prediction) were obtained for the predicted slope for each sire for both relationship matrices (Fig. 2c and 2d ). These intervals indicated that the slopes of many sires, including all of the sires with negative slopes, were not significantly different from zero, whereas for some sires with positive slopes, this parameter was significant, and the number of significant positive slopes increased from 20 under the A model to 23 under the G model.
SNP by Environment Interactions
To investigate the similarity of SNP that were associated with the TNB across HYS levels, we identified the overlap between the most important SNP for each HYS class. The top 1% of SNP (n = 462) was identified for each HYS class based on their absolute SNP effect estimates. The number of overlapping SNP between adjacent HYS levels (Fig. 3a) was relatively high (> 400), whereas there was a much smaller number, approximately 50, that overlapped between the top 1% of SNP at the lowest and highest HYS levels.
Of the 462 SNP in the top 1% at each HYS level, only 47 SNP were consistently present in the top 1% across all HYS levels. The effects estimated for these 47 SNP were plotted against the HYS levels (Fig. 3b) , which showed that even though these SNP displayed relatively large effects at all HYS levels, there were still remarkable changes in the magnitude of the SNP effects across HYS levels, indicating the existence of SNP by environment interactions. Two patterns were observed: one in which SNP presented relatively stable effects across HYS levels and one in which SNP showed an increasing effect with increasing HYS levels. There were no SNP whose effects were smaller at higher HYS levels, and the variation of the SNP effects was greater at high HYS levels than at low levels. 
Cross-Validation
Because the sires in the validation set only had daughters at HYS levels between 10 and 17, the accuracy was evaluated only at these levels. The reaction norm model yielded higher accuracies (Fig. 4a ) and correlations (Fig. 4b) than the standard prediction model at all HYS levels considered under both the genomic (G) and traditional pedigree (A) approaches. Furthermore, with respect to the comparison between G and A, the genomic information provided more accurate predictions of genetic merit for both the G×E and standard models.
DISCUSSION
Genetic Parameters and SNP Effect Estimates under G×E Interactions
Similarity of the genetic parameter estimates obtained from the A and G matrices was also indicated by Forni et al. (2011) for litter size when using a traditional single-trait animal model with 338,346 individuals.
Following the same approach, Veerkamp et al. (2011) compared A and G matrices using a multitrait animal model fitted to milk yields, dry matter intake, and body weight data from 517 first-lactation heifers and reported that the genetic variance estimates were lower when obtained using the G matrix than the A matrix; however, the G matrix produced more accurate estimates of heritability, while both matrices showed equally accurate estimates of genetic correlation. Although these previous studies have highlighted aspects of comparisons between A and G matrices, in the present study, we compared A and G matrices in the context of random regression reaction norms models, which is a novel approach for studying G×E interactions in livestock genomics.
With respect to the genetic correlation between the intercept and slope, the values provided in Table 1 (0.22 and 0.19 for the A and G matrices, respectively) were slightly lower than that reported by Knap and Su (2008) for litter size in PIC line B using an A matrix, which was equal to 0.26. Although these positive correlations were not strong, they indicated a trend toward sires with higher intercepts presenting higher slopes, i.e., sires that show good genetic performance at the lowest HYS levels display a trend toward also presenting good performance at the highest HYS levels.
Using the A and G matrices led to very similar patterns of correlation between HYS levels (Fig. 1b) , which was expected based on the similarity of the variance components estimated according to the two approaches (Table 1 ). Figure 1b also shows that if genetic selection occurs at intermediate HYS levels (for example, HYS = 15), the responses in the poorest and best environments would be approximately 65% to 70% of the direct responses obtained under selection in these extreme environments.
Regarding the behavior of residual variance estimates across HYS levels, Cardoso and Tempelman (2012) also observed that the residual variance did not increase monotonically over an environmental gradient (herd-yearseason-sex-management subclasses) in a study on postweaning gains in Angus Cattle considering different G×E models. A more extensive assessment of alternative heteroskedastic error models, as well as the predictive ability of such models, was presented by Calus et al. (2006) , who suggested that heteroskedastic models deserve further investigation to identify structural functions other than the one considered in the present study.
With respect to the heritability estimates for the TNB, except for at the highest HYS levels, the obtained values were lower than those found in the literature, e.g., 0.11 (Rothschild and Bidanel, 1998) , 0.13 (Bergsma et al., 2008) , and 0.14 (Forni et al., 2011) . It is known that sire models, such as the model used in this study, can indicate lower heritabilities, for instance, due to the selected group of sires in comparison with the whole animal model, widely used in other studies in which the main interest is the estimation of genetics parameters.
In a general way, the LRT tested the plausibility of model [2] in relation to a simpler model, considering only a random intercept, which characterizes the absence of G×E interactions. The need to use the reaction norm model [2] with both a random intercept and slope was motivated by the small P-values obtained from the LRT, which were close to the significance level of 5% (0.0595 and 0.0542 for the A and G approaches, respectively).
Once the need for the G×E model was accepted, the reaction norms plotted in Fig 2a and 2b showed that the genetics that are suitable for poor environments are different from the genetics that are suitable for superior environments. However, exploiting the approximated confidence intervals for the slopes (Fig. 2c and 2d ) for each sire, it can be seen that only a small number of sires (18 and 23 for the A and G matrices, respectively) presented significant slope predictions. We expect that the small number of genotyped sires (113) included in the analysis contributed to the low precision of the slope predictions. This small number of sires was examined because only a few sires present a large number of daughters spread across a large number of HYS levels, and only a subset of these sires have been genotyped. Nevertheless, the limited number of sires was partly offset by the large number of daughters (20, 935) and litters (60,454) considered in the analysis.
Overall, more sires presented positive slopes than negative slopes (Fig. 2c and 2d ), in accord with the findings of Knap and Su (2008) , and none of the negative slopes were significantly different from zero. In general, the low-potential individuals, i.e., those showing low genetic merit for the trait in question, benefit considerably less from favorable conditions than their high-potential counterparts do. The genetic differences were more pronounced at high levels of HYS, implying higher genetic variance and, consequently, high heritability, which was indeed observed. The explanation for the existence of G×E interactions for the TNB in pigs may lie in the fact that different parts components of pig physiology are important for delivering piglets in different environments (hence, the low genetic correlations shown in Fig. 1b) , and different genes are therefore important and contribute to the observed genetic variance. In the context of the present study, an initial way to identify these genes is through the analysis of SNP by environment interactions, as the identified SNP showing high effects across different HYS levels could be related to such genes.
As shown in Fig. 3b , it is clear that the variation of the SNP effects was greater at high levels of HYS than at low levels, as expected because of the higher genetic variance seen at high HYS levels compared to low HYS levels. Additionally, it is possible that more genes, related to these SNP, begin to play a role at higher h 2 values, similar to those estimated at high HYS levels. Only a few studies on G×E interactions have used genomic data. Lillehammer et al. (2009) modeled the effects of putative QTLs on Bos taurus autosome 6 as a regression over an environmental gradient (herd year) and identified two QTLs for milk yield that showed marker by environment interactions. These authors used linkage analysis, and their methodology therefore still depends on the linkage phase between a marker and QTL for each family, and linkage phases may be different in different families. Using genomic selection methods, identification of the linkage phase between a marker and QTL is not necessary, making the application of genomic data in breeding programs easier. The presented method provides an easy way to study SNP by environment interactions and to predict breeding values across environmental gradients exploiting environment-specific effects of SNP.
Model Comparisons via Cross-Validation
The performance of the genomic predictions was better at intermediate HYS levels. For instance, the obtained accuracy (Fig. 4a ) was approximately 0.4 when using the reaction norm model for HYS levels between 12 and 16 but decreased to ~0.2 at extreme HYS levels. Based on the lower heritability observed at intermediate levels, it would be expected that the accuracy would be lower at intermediate levels. However, most of the data were for intermediate levels of HYS (see Material and MethodsCross-Validation), and the accuracy of reaction norm parameters was therefore much higher at intermediate levels of HYS. With respect to the results concerning correlations rather than accuracy (Fig. 4b) , the superiority of the G×E model over the standard model was maintained (Fig.  4a) , indicating that independent of the performance measure assessed in the cross-validation analysis, the G×E model showed a higher prediction efficiency. Thus, the GEBV and, consequently, the SNP effects were estimated with greater precision at these intermediate levels than at extreme levels, explaining the higher accuracies and correlations presented in Fig. 4a and 4b, respectively.
Considering the comparison between the G×E and standard models using only pedigree-based information, the obtained results were very similar to those for the genomic approach; i.e., a clear advantage of G×E interactions was noted. Furthermore, when focusing on the comparison between the genomic and traditional pedigree approaches, the superiority of the genomic predictions for both the G×E and standard models was also clear (Fig. 4a and 4b) . Thus, based on the results shown in Fig. 4 , the G×E model using genomic information can be indicated as the most suitable for predicting the genetic merit of young sires regarding the TNB under different environment conditions (HYS levels).
Implications and Future Research
In addition to illustrating the possibility of estimating genomic breeding value for nonphenotyped sires (e.g., young sires) across different environments, one of the main contributions of the present study is to draw interest toward GWS models that consider genotype by environment interactions. We are aware that a simple G×E approach was used here for GWS (GBLUP), but we think that other specific GWAS models, such as the Bayes-A and -B or Bayesian LASSO models, can be adapted to allow G×E interactions to be directly assessed. For example, for these 3 Bayesian regression models, the following prior distributions for the effect of marker i at environment level j (α ij ) could be adopted, assuming homogeneity of marker effect variances over all environment levels: a ij i i βi is the slope of the SNP effect associated with environment level Wij. It is clear that under these approaches, Bayesian modeling requires more than one step in its hierarchy, which is obtained through the assumption of an appropriate prior distribution for βi. The advantage of using these models is that a vector of GEBV can be obtained directly for each environment level (j) using the following equation : is the vector of the SNP effect estimates at environment level j. Finally, we note that in the same way that GWS models can be adapted to G×E interactions, specific G×E models, such as multiplicative, factor analytical, and multitrait-multienvironment models (Meyer, 2009 ), can easily be adapted for GWS through simple replacement of a traditional relationship matrix (A) with a genomic relationship matrix (G).
Conclusions
Reaction norm models for the prediction of GEBV can be implemented, and these models represent a promising approach for addressing traits affected by G×E interactions. The heritabilities and genetic correlations between environments are very similar between genomic and pedigree reaction norm models. Using a G matrix allowed the estimation of SNP by environment interactions and the prediction of the genetic merit of boars with no offspring at different HYS levels. Genomic reaction norm models that accounted for G×E interactions outperformed the standard genomic model, showing accuracies of 0.14 (HYS = 10) to 0.44 (HYS = 15), while the accuracies of the model ignoring G×E interactions were between 0.09 and 0.37, respectively.
